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The ALICE experiment

ACORDE | ALICE Cosmic Rays Detector

AD | ALICE Diffractive Detector
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DCal | Di-jet Calorimeter
EMCal | Electromagnetic Calorimeter

HMPID | High Momentum Particle
Identification Detector

ITS-IB | Inner Tracking System - Inner Barrel

ITS-OB | Inner Tracking System - Quter Barrel
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! g MCH | Muon Tracking Chambers

MFT | Muon Forward Tracker
MID | Muon Identifier

PHOS / CPV | Photon Spectrometer
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TOF | Time Of Flight
TO+A | Tzero + A
TO+C | Tzero + C

TPC | Time Projection Chamber

TRD | Transition Radiation Detector

VO+ | Vzero + Detector
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ZDC | Zero Degree Calorimeter
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Goals of the WUT team |=—

Use ALICE and its data as a unique environment to _—
advance the Machine Learning field of science >

Identify areas where both ALICE (or HEP in general)
and ML communities can mutually benefit

More focus on Machine Learning research rather than
using standard ML tools for ALICE use cases

Disclaimer:

- I'm a physicist working with ML experts from the
WUT IT department

- My taskis to guide and coordinate the work of WUT
ML computer scientists within ALICE @



PID with Machine Learning
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Particle identification

Particle identification (PID) is one of the most important steps in many
physics analyses

Crucial for Quark-Gluon Plasma measurements

PID is one of the strongest advantages of ALICE:

- practically all knows techniques used (dE/dx energy loss, time-of-
flight, Cherenkov radiation for hadrons and transition radiation for
electrons)

- possibility to identify (anti-)nuclei

— very good separation of pions, kaons, protons, electrons over a wide
momentum range

- separation of signals of charged hadrons and electrons for very low
momenta (down to 0.1 GeV/c)
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ITS dE/dx (keV/300 um)

TRD dE/dx + TR (arb. units)

Particle identification
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Traditional vs ML PID

 Traditional PID:

Iy
=

- atypical analyzer selects particles £°°F L m
“manually” by cutting oncertain g+ \ % —o-8% 170
quantities, like the number of g M
standard deviations of a signal from o __——|—p+8% I70

—x-8% 170
A—mn +8% 170

the expected value (no) :

045

— most limitations come in the
regions where signals from o
different particle species cross

R | e R IS R v R
- “cut” optimization is a time-

https://arxiv.org/pdf/nucl-ex/0505026.pdf
consuming task

* Machine learning PID:
- perfect task for machine learning

— can learn non-trivial relations
between different track parameters
and PID

- no “trial and error” approach
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Proposed solution for PID

Build a ML classifier that can outperform traditional PID
Train and validate the classifier on Monte Carlo and real data

Create a simple interface for users (ALICE physicists):

- first attempts in 2019 (Random Forest) for LHC Run 2 (AliRoot)
— proof-of-concept work

- new, much more advanced, project for LHC Run 3 (O2)
— still in research phase

Limitations:

* Quality of the classifier will depend on the MC sample (need to
handle discrepancies between data and MC)
— no MC reweighting done

* No easy way to calculate systematic uncertainties from the
procedure

* The classifier is a “black box” - no easy way to tell what’s going on
inside
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Differences MC vs real data

The MC distributions don’t usually reflect real data shapes

This could potentially have an effect on the quality of identification
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LHC Run 2
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Decision tree | -

» A decision tree is a tree where each node represents a feature (attribute), —
each link (branch) represents a decision (rule) and each leaf represents an
outcome (categorical or continues value) /

* Decision tree learning uses a decision tree to go from observations about
an item (attributes) to conclusions about the item's target value (leaves)

root node

decision nodes

salary at least
$50,000

commute more
than 1 hour

no

Y

offers free
coffee

Decision Tree:
Should | accept a new
job offer?

A
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Random Forest

A collection of decision trees (“forest”) where each tree votes for a final
decision

Each tree is trained on a subset of randomly selected training data

The final result is (in most cases) the one with majority of votes

=

All Trees
Predictions

... in addition, adaptive boosting was used

® o ) Treel: @
LA Tree2: @
'a" Tree 3: @
0
Random Forest
Introduction To Random Forest Algorithm Pre.ch:ts

dataspirant.com
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Preliminary results
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True Positive Rate

Results

o . 1.2
Test data sample: Purity
. . 1.04 —
- pp @ 7 TeV, Pythia 6 Perugia-0 L'J \&H\:Lﬂ_;
0.8
Traditional PID: >
g 0.6 ALL(/:_E S;n%u{?tion
2 s=TTe
N tpc <2 s for D= 0.5 GeV/c = EE;{THIA 6.4 (Perugia-0 tune)
0.4 Kaon selection
- \/nf, pct nf,,TOF <2, for p;>0.5 GeV/c
0.29 —— Traditional PID, Total 0.88
. . —— Random Forest, Total 0.97
* Machine Learning PID: 0.0 — -
P . pr (GeV/c) .
— Random Forest classifier .
o i Efficiency
ROC curve o a
0.8 1 ,/
/"’ _ 08
0.6 ’/" e
P .g 0.6 ALICE Simulation
-7 e pp/5=7TeV
04 o L] PYTHIA 6.4 (Perugia-0 tune)
/.-f' 0.44 Kaonselection
0.2 - ’,",
// 0.21 —— Traditional PID, Total 0.80
0.0 _r” ——— ROC curve (area = 0.999282) — Random Forest. Total 0.97
0.0 0.2 0.4 0.6 0.8 10 0.0 10 100

False Positive Rate

8 September 2021, AI4EIC

Lukasz Graczykowski (WUT)

pr (GeV/c)
14/42




TPC signal (a.u.)

TPC signal (a.u.)

TPC accepted kaons
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TPC signal (a.u.)

TPC signal (a.u.)

TPC rejected (not kaons)
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TPC signal (a.u.)

TPC signal (a.u.)
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TPC signal (a.u.)

TPC contamination in kaon sample | =
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Implementation
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ALICE offline framework
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ALICE offline framework

LOCAL PRIMARY VERTEX
DR:;’: - {RECONSTR.UCTION} -[ wrr_H SPD
(cluster finders) (+pileup)
 Two sets of data files: [ TRACKING
— Event Summary Data "
(ESD) - full event
information

WITH TRACKS

- Analysis Object Data it pieup)
(AOD) - filtered files, ‘v
subset of information  (sgconpary (DECAY)
for physics analysis [ VERTICES (VO0s)

[ PRIMARY VERTEX

Filtering

-

AOD |
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User Tasks |=—

* Analysis is performed in an automatized way by the —

* Users write their analysis tasks, which are specific C++
classes in AliRoot

* Framework provides iterations over files and events

- "Constructor“* called once on local PC

- UserCreateOutputObjects()

- UserExec() for each event

=2 Terminate()

*Called in the macro

framework
>
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AliRoot analysis scheme

I/O via slots

\ Data /
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AliRoot analysis scheme

I/O via slots
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Implementation attemps

* Training part

- Not covered in this talk, done externally to ALICE
software

— Proposed solution: to be done in a centralized way
— not implemented finally in AliRoot

Classification part
- Classifier (in Python) prepared by an IT student

- Implementation work in AliRoot by a physics
student

- Different attempts tested based on framework
limitations

- Demo/beta version prepared
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Classification - general idea

* Take tracks from AOD files and the trained model (classifier.py) in
Python

* Propagate AOD tracks through the model to get the ML information
for each track

* The ML PID information consists of predicted probabilities for PDG
codes (pion, kaon, proton, electron, muon)

e Present the information to the user

— via specific objects accessible in AliRoot

~
1 Preprocessing macro .
AlIAODs.root J i 2 { Preprocessed tracks classifier.py

A
PID information
~
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First attempt

Track-by-track
implementation

Called once per event

AliAnalysisTask::User Exec

Framework to iterate over

events, loop over tracks in . > et nextrack
U Ser E XecC ( ) Y Parse and send relevant data -
Current track i Classifier.py
Classifier listens in the T hecove PID cata
background
Save track with PID data
Stripped files sent via pipe v
. ° Qutput file
PID results received via ]
another pipe
The method is VERY SLOW Next rack availzble

End of tracks
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Scikit-learn benchmark

* Indefault track-by-track implementation, with threads, we can

process only ~9 tracks/s (overhead from the thread creation) = no
multiple threads allowed on the GRID

* Increase to more than 100 tracks/s if we do not allow threads

10°

. ¢ With n_jobs=-1 (same as number of cores)
1077 . ° With n_jobs=1

10 10 10 10° 10 10 10
8 S Tracks batch size 12




Second attempt

* Propagate multiple tracks

through the classifier _— - preprocessedroot | erre
Eig ELT3 Stripped and
* Two loops over events needed || [+ oy
- Preprocessing pass - :.:lssf::‘:’]?;;?e
— create a temporary > or [ossifen
(stripped) file ik o
213 Event 2
— propagate the temporary
file through the classifier
MLPIDResponse task -
- produce predicted.root file (caherihsertos e ErE
[N
* Inthe second loop over events predicedroo | pyrn \
use a lookup table to match the dstogram 1 || AR errs
two files '
i - Only
classifier
* Solution in AliRoot difficult S
(processing events twice), also
slower than regular analysis
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Final attempt | =

E—
* Propagate multiple tracks through the classifier combined from single J

events (do not combine multiple events)

- computational time of a simple p, analysis task with ML PID (scikit-
learn) and without ML PID (one 200 MB AOD file):

Real time 0:00:34 --- Without ML PID

Real time 0:01:33 --- With ML PID
- the analysis with ML PID is 3x slower than without ML PID

* Python interface not easily available in AliRoot, use the
C++ Random Forest library (for example Ranger) instead of Python

* First tests:
- created a “random” C++ Random Forest of the same size and depth

- compare Ranger and scikit-learn speed tests (next slide)
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Scikit-learn vs Ranger

10
. . * . . & % .
*
10* ¢
*
*
L *
10° ¢ ¢
= .
|_ =
¢ . Scikit learn w/o threads
107 . Ranger with 1 thread
¢ Ranger ex pected wj/o threads
*
*
101_
*
IDD T T T T I
ll]D 1I]'1 II]I2 ll]3 1I]I4 1I]5 10

Tracks batch size

« Ranger (C++)is slower than scikit-learn (Python) = Python is faster

* Ranger creates threads even when set to 1
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Working demo/beta example

AlisnalysisTaskMLPt *myTask = new AlidnalysisTaskMLPE("MyTask");

AlisnalysisTaskMLPIDResponse *mipidTask = new AlidnalysisTaskMLPIDResponse("MLPIDTask"): |

myTask-=SelectCollisionCandidates(AlvEvent kINTT),

if{ ImyTask )

st 1
=TS

mgr-=AddTaskimlpidTask); |

mgr-=AddTask{myTask];

/f Create containers for inputfoutput

run macro

AlisnalysisDataContainer *cinput = mgr-=GetCommoninputContainer();
AlitnalysisDataContainer *coutput2 = mgr-=CreateContainer("MyTree",

TList::Class(),AlisnalysisManager: kOutputContainer, outfilename);

ffconnect them to future analysis
mgr-=Connectinput{mlpidTask, 0, cinput);

fmgr-=ConnectOutputimlpidTask,1, coutput2);

mar-=Connectinput(imyTask, 0,cinput);

mgr-=ConnectOutputimyTask, 1, coutput2);

if ( Imgr-=InitAnalysis() )

return;
mgr-=PrintStatus();

fistart analysis
mgr-=Startanalysis("local",chain,Mevents);

User just needs to add a
couple of lines - like for a
traditional PID

— inclusion of the PID
response task
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user’s analysis task

Moop over ADD reconstructed tracks
for (Int_t iTracks = 0; iTracks = aodEvent->GetMumber0fTracks(); iTracks++) {
/fget track
AlaCDTrack *rack = (AlA0DTrack*)aocdEvent-=GetTrack(iTracks);
if (1track)
continue;

Ulnt_t filterBit = 96;
if{ltrack-=TestFilterBit(filtergit))
continue;

if (HMLpidUtl)
continue;

AlMLPIDResponse®* resp = fMLpidUtil-=getTrackPIDResponseltrack-=GetiD());
if (Iresp)

continue;
else

cout=="Good PID; "=<resp->predictedPDG==<end|

int pdg = resp-=predictedPDG;

iflpdg == 211)
ptHistPions-=Fill(track-=Pt(});
iflpdg == 321)

ptHistKaons-=Fill(track-=Pt());
if(pdg == 2212)
ptHistProtons-=Fill(track-=Pt{));

Jisave all attributes into TTree
[ftreedutput-=Fill{);




LHCRun 3
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PID parameter importance
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* The algorithm was trained on information from TPC and TOF
parameterization (which is done before and loaded with “PID response
task” in the analysis)

* ..inthe LHC Run 3 we plan to use only raw signals from the detectors
(TPC dE/dx, TOF time)
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Domain adaptation

ALICE is undergoing a major upgrade with completely new software
framework Oz

We plan to explore the Unsupervised Domain Adaptation for ML PID

- problem of transferring the knowledge from a labeled source
domain to unlabeled target domain, when both domains have
different distributions of attributes (as in the case of MC and data)

No implementation in O2 yet, research work ongoing
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Domain adaptation |_-

« Example domain shift between MC simulated and real data (TPC signal) 7

>

tpe_signal

B Prodwcton Data
N Simulatson Data
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Proposed model

* One versus all based model based on Domain Adversarial Training of
Neural Networks

 Architecture consists of three neural networks:

- feature mapping network, which maps features of both data sets
into common, domain invariant latent space

- particle classification network, which classifies particles basing on
domain invariant latent space

- domain discriminator network, which classifies domain of each

‘ Particle classification
m y o
[h} il U
K—\/ 3 3 3
(=} =} =}
c = [ =
. o o o .
Feature mapping S>> S>> 9 ‘,O Particle label
= = = = = =
4 4 0 e g g
gl (8] |B =1 [ =1 B
c = c R o o
o =) = el
Input Q—> > Domain classification
= = =
3 3 b (o] [ | [
c & = o 4 3
=] ] = o 2 3
r——— ! — >
i D = c
i o T =[>8R —)ODomain label
[k = =
G) ) 3

8 September 2021, AI4EIC




First results - proton selection

300 tpc vs momentum, simulation data
pdg_code
1250 . 0.0
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LHC Run 3 computing (O?)

x100 higher data rate
(Updated) AOD format - calculate as much as possible on-the-fly
02 Data Processing Layer (DPL)

- coherent framework from data taking to analysis

Input data - flat tables (sets of columns) stored as flat ROOT trees

L}
All FLPs EPN: synchronous | asynchronous
I
Raw data I
|
Local P i :
oca Er t;cessmg Betecton Matching | Final calibration Final matching,
o =l s =l 2 el PID, E

Clusterization Reconstruction procedures ;r;?ch?: o xtracgs::t

Calibration | g
|
|
|
|
|
|

J \ J \ J \ J \ ]
Step 0 Step 1 Step 2 Step 3 Step 4
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LHC Run 3 computing (O?)

void process( aod::Collision const& c,

DPL Analysis Framework

aod: :Tracks const& t)

ROOT file(s)

DF:
— 02collision

— O2track
— 02muon

T

Data

Processing Layer

]

>

internal-aod-reader

o2-analysistutorial-histograms

Transport layer (FairMQ[3])

&

I

Arrow: :Table Arrow: :Table

Shared memory backend

Anton Alkin, vCHEP 2021
https://indico.cern.ch/event/948465/contributions/4324158/
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LHC Run 3 computing (O?)

* Example analysis task

struct ATask {

OQutputObj<TH2F> etaphiH{TH2F("etaphi", "etaphi", 160, ©., 2. * M_PI,
102, -2.01, 2.01)};

Configurable<float> phiCut{"phiCut", 6.29f, "A cut on phi"};

Filter phiFilter = (track::phi < phiCut)

void process(soa::Filtered<Tracks> const& tracks)

{ \
for (auto& track : tracks) {

etaphiH->Fill(track.phi(), track.eta());
}

Only filtered tracks

 Our ML PID model has to fit in this scheme!
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Implementation

* ONNZX discussed to be used for storing trained networks

* Very preliminary scheme

MM Creator

- Own computer

- Using own MK
program and
language (ex.

PyTorch, Tensorflow
etc.)

- Testing in own
language and library
on their own

- Exporting not
trained models to
ONNX

AODD Files repo

- Data from
Collisions after
reconstruction
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Saving

Obtaining

NN repo

Training machine

- Not trained models . - q
- Training models for
in ONNX format Training _, every B s
(from not trained
- A database of ONNX model)
trained NM for every
Fun (containing a ;
é\!un ID?) g Saving - One semwni:re flﬂr every
Obtaining
02 Framework User
- FID library
- Use frained NN - While doing own
analysis can use PID
_ -— "
Use ACD Data Task to obtain a
particle type
. - Receiving a set of
Grid values - a probability
that a particle is one
_ Returnin of a type (ex. Proton
- Calculating 9 ! 50%. Electron 20%,
Pion 10%, Kaon 7%,
Other 3%)
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Summary =

md
MUL-based PID outperforms traditional PID, especially in >

the low momentum region ,

Training needed only once for each data set - no need for
manual cut optimizations

Quality of final classification more vulnerable to
discrepancies between MC and real data

Domain Adaptation techniques look very promising
— hope to deliver working interface in O

Problems encountered in preliminary work:

- track-by-track implementation in AliRoot (optimal
from our side) is very slow

- C++<->Python connection is also a weak point



Backup
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TOF rejected (not kaons)
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Deep Convolutional GAN

* C(Class of architectures which use the convolutional tools and
deconvolutional layers - mostly used with images

8 September 2021, AI4EIC

7

Convnet

Filter
One
Feature
Map

All features Map
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condDCGAN: Conditional DCGAN |=
* Generator - deconvolutional layers :
* Discriminator - convolutional layers >
=,

* Network conditioned on particle momenta, mass, and charge

Output classification - sigmoid function

5x1
170x9%40 PP, P,MQ =l % —_—
100x1 76x7x30 159x3x4Q 159x3x150
x1 99x1 159x3x1  150943x1 135x3x70 I,».
P, - 116x3x50 32x1 >
p 23x1x50 _p Output+
y sigmoid
pz
Dense
m deConv deConv Cg;:;‘ 1,2
Input Dense 2 deConv deConv Output+ |+ Conva Conv3 +act
d +act +act 3  deConv sigmoid P Conv 1 +act +act
+act +act 4 +act +act
+act
Generator Discriminator
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condDCGAN+; combined loss

* Training on on the full MC simulations
* Preparing the noise from initial parameters of MC simulations
* Comparing the generated samples with original ones

* Combining origininal conditional GAN loss with the results of
comparison

n

L(m, X) = Bavp,smlaloa(l — D(G(2))) + 8- 3 (Xi — G(2):)?

2.=1

m - initial parameters (particle momenta),

X - original value corresponding tom,

p(z|m) - distribution of a noise vector under initial parameters m
Z - input into a generator

G and D - generator and discriminator

n - the number of produced clusters Additional parameters ot and [3 are used to
weight the share of individual losses.
Best performing values are = 0.6 and B = 0.8

I
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Other areas of research

Data Quality Assurance - prediction of detector
quality label assignment

* Simulation of TPC clusters in Monte Carlo data using
generative networks
-» next slides
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Simulation of TPC clusters in
Monte Carlo data using
generative networks
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Time Projection Chamber

* Tracking in ALICE is performed by

ITS, TPC, TRD and TOF 6. TOFout _
Track .

* First attempts - focus on the TPC only:

5. TRDout

— main tracking device

--"-:_ 4, o
- located from 0.8 m (inner radius) to 2.5 m ' et

(outer radius) from the beam and extending
~2.5 m in each direction along the beam axis

Ly
Seed A

- volume of 95 m3 TOF| TRD TPC s Y

- filled with Ne-CO, gas mixture (90%-10%)

ALICE Data Preparation Group

Drift

- clusters - points in 3D space, together with TN .. T
the energy loss, which were presumably ™ & = | /
generated by a particle traveling through © & 7 .

—{ Haac >

- provides up to 159 clusters per track o .nm.dég%‘:d -

£ - Outer field cage —l

-HV

I.Konorov, Front-end electronics for Time Projection chamber
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Simulation and reconstruction

* Current process relies on 5 independent modules

* The computationally most expensive module is particle propagation
through the detector’s matter

EVENT

GENERATOR
(PYTHIA, HIJING...)

candidate

TRANSPORT

CODE
(GEANT3, GEANT4)

Monte Carlo Summbible Digits
simulation

Monte ; :
1 Carlo Partlcles

Hits : Track

Real data

segments
DETECTOR

RESPONSE

(AliRoot) Reconstructed

space points

SAME
RECONSTRUCTION

CHAIN AS RAW DATA

ALICE Data Preparation Group
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Simulation and reconstruction

Generative '
Model

e

* Generative solution for cluster simulation:
— substitute the detector simulation and check for the speed-up
- full simulation still needed to generate training samples

- immediate drawback: quality of such MC data can be either
comparable or lower than the full detector simulation - limits
potential applications
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Generative Adversarial Networks | =

N
e Generative Adversarial Network (GAN) is a neural network architecture _—

of two networks competing with each other (playing a min-max game) :

- “Generator” is trained to produce fake data resembling the real data

- “Discriminator” aims to predict whether an example data is real or
fake

https://33milesinnewaygocounty.files.wordpress.com

Generator

https://thechive.files.wordpress.com

https://giphy.com/gifs/leonardo-dicaprio-catch-me-if-you-can-
5leocharacters-t1h4nnWEWKfn2
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Generative Adversarial Networks | =

» Typical use cases:

- mainly generation of photo quality fake images (i.e. of celebrities)

https://arxiv.org/abs/1710.10196

volcano
https://arxiv.org/pdf/1612.00005v1.pdf
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Generative Adversarial Networks | =

N
* Extending the GAN architecture - provide a set of initial parameters for _—

the generator and discriminator: :

-

— generator would not generate a random output, but a customized one

— in our case: initial momenta of Monte Carlo particles

https://33milesinnewaygocounty.files.wordpress.com

Genera’_cor

https://thechive.files.wordpress.com

Initial Parameters

e = Lid . iy
£ pafs LESEER -,
.;i.. #y g W)
I o 5 i ’
https://giphy.com/gifs/leonardo-dicaprio-catch-me-if-you-can-
5leocharacters-t1h4nnWEWKfn2
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TPC clusters with GANSs

It is not (yet!) possible to generate the full 3D image of the event at once
(especially in the Pb-Pb event)

Our solution is to:
— generate clusters for single particles
- two separate flows for spatial coordinates (x,y,z) and the energy
- inthe beginning focus only on 3D coordinates
- merge generated samples (individual particles) into full images

- training of the GAN on original full simulations

x[cm]
x[cm]
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Example results

ALICE Simulation

PYTHIAG, Perugia-0, pp @ vs = 7 TeV

proton

TPC Clusters p
«  GAN Simulation il | px: 0.695 GeV/c
[ [ | py: 0.239 GeV/c

Pzi -0.331 GeV/c |

Full Simulation
| 200
100
0 z{cm)
-100

T-200

—200
—100

X (cm) 200

ALICE Simulation

PYTHIAG, Perugia-0, pp @ vs = 7 TeV

Original event

—200
—100

X (cm) 200
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ALICE Simulation

PYTHIAG, Perugia-0, pp @ vs = 7 TeV kaon
TPC Clusters K+
GAN Simulation 2l | py: 1.414 GeV/c
k: |

Full Simulation I py: 0.227 GeV/c
= . pe: -0.428 GeV/c |

. 200
" 100
| . _ 1 0 z(cm)
+ \.\ ©T-100
——— )~ ]Tt-200
200
-200 0
-100 _100 Y(cm)
100 —200
X (cm) 200

ALICE Simulation

PYTHIAB, Perugia-0, pp @ vs = 7 TeV

GAN event
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Results |_-

e Mean Squared Error (MSE) from the original helix as a quality measure )

=

* Evaluation conducted on the separate test-set with ~15000 tracks

MSE visualisation:
Red - error
Grey- ideal helix
- original clusters
Blue - generated clusters

Mean MSE Median MSE

Method (mm) (mm) Speed-up
GEANT3 1.20 112 1
Random
(estimated) 2500 2500 N/A
condLSTM GAN 2093.69 2070.32
100
condLSTM GAN+ 22178 190.17
condDCGAN 795.08 738.71
25
condDCGAN-+ 136.84 82.72
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Computational cost

Performance test conducted on the standalone machine with Intel Core
i7-6850K (3.60 GHz) CPU using single core and no GPU

Additional order of magnitude speed-up for GAN models with nVidia
Titan Xp GPU

100

10. Method
== GEANT3
- condDCGAN

Time [s]

1e+04 1e+05
Nr of clusters
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TOF time

* From our point of view TOF has a fantastic feature of a possibility to
calculate mass of the recorded particle and compare it to the one from
PDG

1
miOF:PZ(B_l)

* Thanks to that we can test contamination independently of MC
simulations

Monte Carlo ALICE data
107 L 107 |- "
= e Traditional L Y = e Traditional 8,
C * ALICE Simulation C ®:78
L ° ML e 3 pp Vs=13 TeV L ML :
. e PYTHIAS . Dataset LHC17k
~ . Selected kaons - ‘. '; Selected kaons
: SR § £
— % — “ $ %
- + ; + - ’$ \:\‘
10° m% i } 107 = ;**g» 3
- Wﬁ - . KV
: * Hu N e
OO L2 VOO Y0 N R AN A VOO . WP
-0.5 -04 -03 -0.2 -0.1 0 0.1 0.2 0.3 ?‘ng _n%5 -0.5 -04 -03 -0.2 —01 0 0.1 0.2 ?niOF n£(5
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